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An IterativeApproachto MultisensorSeaIce
Classification

QuinnP. Remund,David G. Long,andMark R. Drinkwater

Abstract— Characterizing the variability in seaice in the polar regions
is fundamental to an understanding of global climate and the geophysical
processeswhich govern climate changes. Seaice can be grouped into a
number of generalclasseswith different characteristics. Multisensor data
fr om NSCAT, ERS-2,and SSM/I are reconstructedinto enhancedresolu-
tion imagery for usein ice type classification.The resulting12-dimensional
datasetis linearly transformed throughprincipal componentanalysisto re-
ducedata dimensionality and noiselevels. An iterative statistical data seg-
mentationalgorithm is developedusingmaximum likelihoodandmaximum
a posterioritechniques.For a given icetype, the conditional probability dis-
trib utions of observedvectorsareassumedto beGaussian.The cluster cen-
tr oids, covariance matrices, and a priori distributions are estimatedfr om
the classificationof a previous temporal imageset. An initial classification
is producedusing centroid training data and a weightednearest-neighbor
classifier. Thoughvalidation is limited, the algorithm resultsin an iceclassi-
fication which is judged to besuperior to a conventional k-meansapproach.

I . INTRODUCTION
�

ECAUSEthepolar regionsof theearthplay a critical role
in the global climate, the remotesensingcommunityhas

hadakeeninterestin thevariability of polarseaicecharacteris-
tics. Seaice influencesheattransferbetweenthewarmerocean
andcooleratmosphere.In this process,ice thicknessandden-
sity areparticularlyimportant.Theextentandsurfacecharacter-
isticsof seaice affect theglobalradiationbudgetby regulating
the amountof solarradiationreflectedbackout into space.In
addition,theseregionsinfluencethe planetarywaterexchange
cycle aswell aslocal biotadistributions.Seaice is alsoconsid-
eredasensitiveindicatorof longtermglobalclimatechange[1].
Hence,anaccurateknowledgeof importantsurfacecharacteris-
ticsof seaice is avaluabletool in acquiringanunderstandingof
thesegeophysicalprocesses.

Microwave remotesensingprovidesan excellentmeansfor
monitoringpolar seaice. Both active andpassive microwave
signaturesare much less sensitive to atmosphericdistortions
thanmeasurementscollectedatopticalfrequencies.This is par-
ticularly truein theArctic andAntarcticwhereextensive cloud
cover is common.Many researchstudieshave shown that mi-
crowavesignaturesof seaicearesensitiveto surfaceparameters
[2]. In addition,microwave sensorsdo not requiresolarillumi-
nationto collectmeasurementsof the surface. However, these
benefitsoftencomeat theexpenseof spatialresolution.

Fundamentalseaice characteristicscan be groupedinto a
numberof generalseaiceclassesor types.Variousstudieshave
beenpursuedto classifyice typefrom observedmicrowavesig-
natures.A single-bandclassifierusing33.6GHz passive high-
resolutionaerialmeasurementswasusedon BeaufortSeadata
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[3]. Kwok et al. developeda methodfor classifying high-
resolutionERS-1SAR imageryusingancillary datafrom me-
teorologicaldatabases[4]. Rignot and Drinkwater also per-
formedaMAP classificationonpolarimetricairborneSARdata
andcomparedresultsto highresolutionpassivemicrowavedata
[5]. Haraet al. proposedan unsupervisedpolarimetricSAR
multi/first year ice classifierusing a neuralnetwork followed
by iterativemaximumlikelihoodclassification[6]. Theprimary
strengthsof theseapproacheslie in the high spatialresolution
capabilityof the instruments.Consequently, imagepixels are
muchlesslikely to containa mixture of ice types. Lower res-
olution techniqueshave alsobeenproposed.Wensnahanet al.
proposeda classificationmethodusingpassive radiometerdata
[7] to estimatethe concentrationsof first-year, multi-year, and
thin ice in theArctic. In [8], aclassifierwasdevelopedthatuses
singlechannel5.3GHz ERSscatterometerdata.Finally, a neu-
ral network classifierfor seaicetypeis givenin [9]. Thesestud-
iesarerepresentativeof thedifferentwork thathasbeendonein
microwaveseaiceclassification.

This paperpresentsa multisensorseaice classificationap-
proach which usesmultispectral,dual-polarizationdata col-
lectedfrom bothactive andpassive spaceborneinstrumentsfor
thesegmentationof Antarcticdata.In section2, importantback-
ground information is given describingthe instrumentsfrom
which datais collected,theimagereconstructionmethodology,
theiceextentmappingtechniques,andthebasicice typesigna-
tures.Section3 introducesthemultivariateanalysistechniques
fundamentalto thepreprocessingstageof thealgorithminclud-
ing datafusion andprincipalcomponentanalysis.Theseaice
classificationalgorithm is describedin detail in section4. A
brief derivation of statisticalmeasuresaswell asconvergence
metricsaregiven.Resultsof theapplicationof thealgorithmto
actualdataarepresentedin section5. Thefinal sectioncontains
theconclusions.

I I . BACKGROUND

Theproposediceclassificationschemeusesdatafrom several
differentspaceborneinstruments.This sectionprovidesa brief
backgroundof eachof the datacollectinginstrumentsandthe
correspondingicetypesignatures.In addition,themethodology
for imagereconstructionis described.Finally, an ice masking
algorithmthatremovesopenoceanpixelsis summarized.

A. SpaceborneMicrowaveSensors

Datafrom threedifferentsensorsareusedin theclassification
approachwhich follows. Thesensorsarechosenfor their tem-
poral simultaneityof measurementcollectionduring the target
time frameof September-October1996. In addition,all of the
selectedinstrumentshave large-scalecoveragecapability. The
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first data set comesfrom the NASA scatterometer(NSCAT)
that flew from August1996 to June1997. NSCAT is a dual-
polarization,dual-swath, fan-beamscatterometerthat collects
measurementsat multiple azimuthand incidenceangles[10].
Doppler filtering is usedto segmenteachfan-beamfootprint
into cells with resolutionon the orderof 25 km. Operatingat
Ku-Band(14 GHz), NSCAT has6 vv-pol and2 hh-polbeams.
While NSCAT wasoriginally designedto measurenearsurface
wind vectorsover theoceansurface,it hasalsofoundgreatutil-
ity in landandicestudiessuchasin [11] and[12].

Thesecondsensoris theactivemicrowave instrument(AMI)
aboardthe Europeanremote sensingsatellite (ERS-2) [13].
Onemodeof operationof the AMI is the wind scatterometer
modewhichmeasuresthevv-pol normalizedradarcrosssection
(σo) at severalazimuthandincidenceangles.While similar to
NSCAT in its fanbeamconfiguration,theERS-2scatterometer
hasonly asingleside-lookingswath.Theinstrumentusesrange
filtering to resolve the measurementsto an effective resolution
of about50km.

Finally, passiveradiometerdatais usedin concertwith theac-
tivescatterometerdatato produceamergeddataset.Thespecial
sensormicrowave imager(SSM/I) aboardthe DefenseMeteo-
rological SatelliteProgramseriesof satellitesis a total-power,
sevenchannel,four frequency radiometer[14]. Thechannelsare
h- andv-pol at 19.35,37.0,and85.5GHz andv-pol at 22.235
GHz. Brightnesstemperature(TB) measurementsarecollected
from eachchannel. The 3 dB antennafootprints rangefrom
about15-70km in thealong-trackdirectionand13-43km in the
cross-trackdirection. The 3 dB antennafootprints,which are
differentfor eachfrequency, generallyhave an elliptical shape
on thesurfaceof theearthdueto theelevationangleof thera-
diometer[15].

B. ImageReconstruction

While theinherentresolutionsof thevariousinstrumentsare
sufficient for the studyof large-scalephenomenasuchassur-
facewindsor atmosphericparameters,they canbe too low for
usein somestudies.In aneffort to amelioratethis problemand
to placethe dataon compatiblegrids, the scatterometerimage
reconstruction(SIR) algorithm is usedto enhancethe spatial
resolutionof bothscatterometerandradiometerdata[16],[17].
SIR is aniterative block multiplicative algebraicreconstruction
techniquethatincreasestheresolutionof reconstructedimagery
throughtheuseof multiple passesof thesatellite. SIR utilizes
the increasedsampling,thoughirregular in geometryandsam-
ple spacing,to raisethesidelobesof theantennapatternin the
spatialfrequency domainandthusincreaseresolution.

For scatterometers,σo (in dB) hasa nearly linear incidence
angledependenceovera limited rangeof incidenceangles,θ ��
20��� 55��� givenby

σ �	� dB
�� A 
 B � θ � 40� 
 (1)

whereA is σo normalizedto40� incidenceandB is theincidence
angledependenceof σo. SIR createsimagesof both A andB
for eachscatterometer. NSCAT imagesarereconstructedon a
4.45x 4.45km grid with aneffective resolutionon theorderof
8–10km. For NSCAT, theSIR with filtering (SIRF)algorithm
is used[16]. For ERS-2,the medianfilter is not used. ERS-2

imagesaregeneratedon a 8.9 x 8.9 km grid with an effective
resolutionof 20–25km.

A univariateversionof SIRcanbeappliedto radiometerdata
suchasSSM/I[17]. Thelowersidelobesof SSM/Imakeresolu-
tion enhancementmoredifficult. However, aclearimprovement
in resolutionis observedin thereconstructedimagery. That is,
surfacefeaturesaremoreclearlydefinedin SIR imagerythanin
nonenhancedimageson thesamegrid. SSM/I brightnesstem-
perature(TB) SIR imagesarereconstructedon a 8.9 x 8.9 km
grid for all channelsexcept85V and 85H which have an im-
provedresolutionandthus,a pixel spacingof 4.45x 4.45km.

All imagesare generatedusing six daysof datawith three
daysof overlapin consecutiveimages.While NSCAT v-pol and
SSM/I can achieve full coverageof the Antarctic ice pack in
much lesstime, ERS-2and NSCAT h-pol requirethe full six
days.For consistency in pixel spacingbetweenthedifferentim-
ages,the 8.9 km imagesare interpolatedto the 4.45 km grid.
All parameterimagesareusedin the classificationexcept for
theERS-2B imageswhichhaverelatively highnoiselevelsand
are thus discarded.The final mergeddataset consistsof 12-
dimensionswith threeA, two B, and seven TB images. Sam-
ple imagesof all 12 typesareshown in Figure1 for 1996JD
261–266.Figure2 shows two zoomedversionsof theseimages
which illustratetheWeddellSeaquadrantof theNSCAT v-pol
A andtheSSM/Iv-pol 37GHz images.Theimageryshown has
beenmaskedwith aniceextentmappingalgorithmdiscussedin
thenext section.A significantamountof detail is evidentin the
seaiceregimeof theseimages.This is exploitedin theproposed
classificationalgorithm.

SIR enablescomparisonof sensorson compatiblegridswith
similar resolution. While the SIR algorithmincreasesthe res-
olution of thereconstructedimageryof a particularinstrument,
ice motionduringtheimagingperiodis a concern.In a six day
period,seaicecanpotentiallymovetensof kilometers.Thisrep-
resentsseveralpixelsin thereconstructedimagery. As a result,
theclassificationresultspresentedbelow aretreatedasaverage
behavior duringtheimaginginterval for eachpixel.

C. IceMasking

Openoceanpixels in the reconstructedimageryaremasked
out for two reasons.First, the seaice classificationalgorithm
presentedbelow usesstatisticalpreprocessingtechniqueswhich
take advantageof thecovariancestructureof thedatato reduce
the dimensionalityof the dataspace.Sinceoceanpixels have
typically high covariancevaluesin all of theactive andpassive
signatures,undueweightwould begivento oceanpixels in the
new dataspaceeffectively reducingtheclassificationpotential.
Second,asignificantnumberof theimagepixelsareopenocean
andtheremoval of thesepixelsreducesthesizeof theclassifi-
cationdataset.

The ice extent mappingalgorithmusedin this study is de-
scribedin [18]. The techniqueusesthe NSCAT polarization
ratio (Av/Ah) aswell as the NSCAT v-pol incidenceanglede-
pendenceof σo (Bv) to discriminatebetweenseaice andocean
pixels. Linear and quadraticsegmentationtechniquesare ap-
plied resultingin anestimateof seaice extent. Sincewind in-
ducedroughnessof the seasurfacecausesambiguitiesin the
discrimination,a third parameter, theσo estimateerrorstandard
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Fig. 1. Imagesetfor 1996JD261-266.
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Fig. 2. SampleWeddellSeaquadrantimagesof NSCAT Av (left) andSSM/I
37V (right).

deviation, is introduced. This metric is sensitive to temporal
andazimuthalvariationsduringthe imagingperiodandis con-
sequentlyquitelargein regionsof highwinds. Throughanem-
pirically derivedthresholdon thisparameter, many of theinitial

seaice extentmappingerrorsareeliminated.Whencompared
with NASA-TeamSSM/I-derived ice concentrationmaps,the
NSCAT iceextentedgemostcloselycorrespondswith the30%
iceconcentrationedge.A similar studyconductedby Yuehand
Kwok foundthat theNSCAT ice edgewascloseto theNASA-
Team25%edgein theArctic [19]. While very similar, thedis-
crepanciesmaybeattributedto differencesin thecharacteristics
of AntarcticandArctic seaice or theanalysistechniques.The
NSCAT algorithmis usedfor this studybecauseit providesan
iceedgematchingtheimageresolutions.

Figure3 shows theNSCAT andNASA-Teamice edgesplot-
tedoveraC-bandhh-polRADARSAT SARimage.TheNASA-
Team edgewas generatedby averagingsix days of data to
be consistentwith the NSCAT imaging interval. While the
RADARSAT imageis not calibratedandsomeobviousgeolo-
cationerrorsexist, a clearly definedice edgeis observed. Al-
thoughboth edgesarerelatively goodestimatesof seaice ex-
tent,theNSCAT curvemostcloselyfollows theactualice edge
in thisparticularcase.For thepurposesof thisstudy, theNSCAT
methodwasusedto ice maskall parameterimageryduringthe
preprocessingstageof thealgorithm.
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Fig. 3. Iceedgecomparisonwith NSCAT edge(black)andNASA-Team30%iceedge(white)plottedover aRADARSAT SARmosaic(uncalibrated)of aseaice
region [Radarsatdata c

�
CanadianSpaceAgency, 1996].A portionof Saunder’s Coastis evidenton theleft of theimageon20February1997.

D. IceTypeSignatures

Datacollectedby NSCAT, ERS-2,andSSM/Iareusedto seg-
mentthedatainto six generalicetypesor classes.While thefol-
lowing discussionis basedon thegeneralbehavior of scattering
andemissionfrom seaice, in situmeasurementaveragesfor the
variousiceclassescanbefoundin [8] for C-Bandscatterometer
Antarcticdataand[9] for Arctic SSM/Idata.

Thefirst ice typeto beconsideredis smoothfirst-year(SFY)
ice. This classrepresentsrelatively young ice which hasnot
beenroughenedby the differentialmotion anddeformationof
the ice pack. Rangingin thicknessfrom 10 cm to 1 m, smooth
first-yearice is highly salinewith a high densityof brinepock-
etscaughtwithin theicecrystallattice.Thehighsalinitycauses
this ice type to be very lossy and thus dominatedby surface
scatteringandemissionat virtually all frequenciesusedin the
study. Theactive signaturesexhibit low A andB valuesdueto
thestrongincidenceangledependenceof smoothsurfacescat-
teringfrom level ice. TB measurementsareexpectedto berela-
tively high.

Like smoothfirst-yearice, roughfirst-year(RFY) ice is very
salineandlossy. Surfacescatteringandemissiondominatethe
signatures.Motion within the ice packcausesextensive rough-
eningof this ice type. In general,the roughsurfacescattering
causeA valuesto behigherthanfor smoothice typesandB val-
uesto rise(ie, have lessincidenceangledependence)[20], [8].
While passive signaturesarelesssensitive to the differencein
RFY andSFY ice classes,TB valuesareradiometricallycooler
for RFY whencomparedto SFY ice.

Perennial(PER)ice is anotherimportantAntarctic ice type.
While multi-yearice is commonin theArctic, lessAntarcticsea
ice survivesmorethanonesummer’s melt sincethe Antarctic
continentlimits thesouthernextent.Regardless,asmallamount
of perennialice can be found and is includedin the classifi-
cation. Over time, brine drainageresultsin muchlower salin-
ity andhencelower electromagneticabsorptionin this ice type.
Thisleadsto greaterpenetrationdepthsandvolumecontribution

to scatteringandemission.A andB valuesaretypically higher
thanthosefor RFY icewhile TB measurementsarelower.

Anotherseaice type to beconsideredin theclassificationis
theiceberg class(IB) consistingof largefloatingplatesof fresh
watericethathavecalvedor brokenoff from aniceshelf. In the
absenceof surfacemelt, this ice classhasvery low lossresult-
ing in a largecontribution from volumescatteringandemission
especiallyat lower microwave frequenciesFurthermore,these
targetsmay extend vertically out of the water several tensof
meterstherebyactingasstrongreflectors.As a result,A andB
arevery high andTB valuesarevery low comparedto otherice
classes.Thevolumetricscatteringcontributionalsocausesade-
polarizationresultingin similar responsefor bothv- andh-pol
measurements.

Pancake ice is also includedin the classificationeffort be-
causeof its uniqueappearanceoverextremelylargeareasof the
marginal ice zoneduring winter ice growth. This ice regime
is normally found in the outerportionsof the ice packwhere
wave action aggregatesand deformsnewly growing frazil ice
into small floes called pancakes. The high roughnessof this
typeresultsin a signaturethatis verysimilar to perennialice in
bothactiveandpassivesignatures[8], [21].

The final ice type is the marginal ice zone(MIZ). This dy-
namic region of the ice pack consistsof mixturesof ice and
openwater. TheopenwatercontributiondrivesTB down. Wind
rougheningof theoceansurfacein theseregionscausesA andB
valuesto oftenbeconfusedwith otherice types.While pancake
ice is typically found in themarginal ice zone,the two classes
areconsideredseparatelyin this studyin orderto discriminate
betweenregionsof low ice concentrationin the MIZ andhigh
concentrationpancake regimesexisting only underice growth
conditions.

Oneof thecomplicatingfactorsin seaiceclassificationis the
seasonaldependenceof theice typemicrowavesignatures.The
signaturesaremost distinct during the Austral winter months
whenice typesexhibit negligible surfacemelt. Hence,thedif-
ferencesdueto subsurfacecontributionsarestrong.Whentem-
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peraturesriseandwatercontentincreases(typically during the
mid-Novemberto MarchAustral summermonths),thescatter-
ing and emissionfrom lower ice layers becomeincreasingly
masked andsurfacescatteringmechanismsbegin to dominate.
This causesice typeclustersto drift in the12-dimensionaldata
spacewith someclustersmerging together. For this reason,an
effective classificationtechniquemusthave theability to adapt
to changingsignaturesin orderto maintainamaximaldegreeof
accuracy.

I I I . MULTIVARIATE DATA ANALYSIS

As previouslydiscussed,theclassificationdatasetconsistsof
12parametersfrom whichseaice typeis to beextracted.Addi-
tionalpreprocessingis performedon thedatato maximizeclas-
sificationaccuracy andminimizerequiredcomputationaleffort.
Sincetheparametersaremeasuredin very differentunits,data
fusiontechniquesareusedto give equalweightingto all of the
data. In an effort to reducethe computationalcomplexity and
thenoiselevels,principalcomponentanalysisis implemented.

A. DataFusion

The12-dimensionaldataspaceconsistsof threebasictypesof
datawith differing units. Thefirst datatype,A, is measuredin
dB with a typical rangeof -30.0to 0.0dB. Theincidenceangle
dependenceof σo, givenby B, containsdB/deg valuesranging
from -0.4 to -0.1 dB/deg. The lastdatatype is TB measuredin
degreesKelvin with seaicevaluesfrom 150K to 290K depend-
ing on frequency andpolarization.Sinceeachdatatypeis quite
differentfrom the others,standardizationis requiredto ensure
that eachdatatype is given appropriateweight in the classifi-
cation. Thestandardapproachis to shift andscalethe dataso
thateachof the12parametershavezeromeanandunit variance.
However, thismayremovesomeiceclassinformationthatexists
betweenthe meanresponsesof parametersthat arewithin the
samedatatype. In aneffort to preserve theice classdependent
biasesthatexist in eachdatatype,thefollowing standardization
techniqueis appliedfor aparticularobservationx

xs � � x � µtype

σtype

(2)

whereµtype andσtype arethe collective meanandstandardde-
viation of all theparametersbelongingto a particulardatatype
(e.g.,A, B, or TB data)andxs is the new standardizedparam-
eter value. Hence,the threegeneraldatatypes,A, B, and TB

are transformedsuchthat they have zero meanand unit vari-
ancethoughspecificparameters(e.g., Av, Ah, etc.) may not
have thesecharacteristics.The resultingdataresidesin a 12-
dimensionalunitlessspacein which eachdatatypehassimilar
rangeandvariance.

B. Principal ComponentAnalysis

Thehigh dimensionalityof theclassificationdatasetequates
with significant computationalrequirements. To reducethe
numberof requiredparameters,principal componentanalysis
(PCA)is implemented.PCAis apowerfuldataanalysistool that
effectively rotatesthedataspaceby projectingeachobservation
ontoa new orthonormalbasis[22]. Theresultingbasisvectors
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Fig.4. Eigenvaluespectrumfor theprincipalcomponentdatarotationduringthe
imaginginterval of 1996JD 261-266.A largemajorityof thedatavariance
is containedin thefirst few eigenvectors.

arechosensuchthat the first spansthe directionof maximum
variancein thedata. Successive vectorsarechosento spanthe
maximumvariancenotaccountedfor by previousvectors.

For theclassificationproblemat hand,datavectorsarecom-
posedof the12standardizedvalues

�
y � �

y1 y2 ����� y12� T (3)

where the yi represent the standardizedversions of the
NSCAT, ERS-2, and SSM/I data values. PCA uses an
eigenvalue/eigenvector decompositionof the data to con-
struct the necessaryorthonormalbasis vectors. The eigen-
value/eigenvectorequationis givenby

KΓ � ΓΛ (4)

whereK is the 12 x 12 covariancematrix of the standardized
data,Γ is a matrix with eigenvectorsof K along the columns
(which form a basisfor theoriginal12-dimensionalspace),and
Λ is adiagonalmatrixwith theeigenvaluesof K alongthediag-
onal (which representthevariancesspannedby eacheigenvec-
tor). Oncetheseareobtained,a 12 x 1 datavector

�
y containing

standardizedparametersis transformedthroughprojectiononto
thenew basis

�
z � ΓT �y � (5)

The elementsof
�
z are called the principal componentscores

[22].
Theanalysistechniqueis usedonland/icemaskedimageryto

produce12 principalcomponentimagescomposedof a combi-
nationof informationcontainedin theoriginal parameters.The
pixel valuesin individual PCA imagesrepresentcoefficientsof
theeigenvectorassociatedwith thatprincipalcomponentscore.
The sizeof the correspondingeigenvaluesdeterminethe vari-
anceandinformationalcontentof eachof theimages.For exam-
ple, thePCA transformationwasperformedfor themicrowave
datasetduringtheimaginginterval 1996JD 261-266.Figure4
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Fig. 5. RGB compositeimageof the first threeprincipal componentsfor 1996JD 261-266. The red channelis the top principal componentimage,the green
is second,andblue is third. This imageis usefulin evaluatingice type informationcontainedin the top threePCA scores.Thesix training regionsarealso
indicated.

illustratestheresultingeigenvaluespectrum.Clearly, amajority
of thedatavarianceis containedin thetopfew principalcompo-
nentimagesimplying that lower PCA imagescanbeneglected
with minimaleffecton thefinal classification.Wensnahanetal.
suggestkeepingonly PCA parameterswhosevarianceis much
larger than measurementuncertainty(convertedinto principal
componentspace)[7]. Sucha choiceof eigenvectorsallows in-
formationto beseparatedfrom noise.Indeed,thelower princi-
palcomponentimagesusedin thisstudyappearverynoisywith
imagereconstructionartifactsdominatingthe features.Hence,
by ignoringtheseeigenvectors,we eliminateundesirablenoise
aswell asreducedatadimensionality.

Anothermethodfor choosingprincipalcomponentimagesis
to keep the top N PCA transformedimagesthat accountfor

somepredeterminedpercentageof thetotalvariancein thedata.
For this classificationproject, the eigenvectorsthat span90%
of the variancearekept for usein the datasegmentation.The
90% thresholdwaschosento balanceincreasedcomputational
complexity andincreasedinformationalcontentwhenincluding
additionalindividual components.That is, eigenvaluesfor the
principalcomponentsbeyondthefirst 90%aretypically negli-
gible in comparison.Only threePCA imagesmustbe retained
in thecaseof thesampledatasetrepresenting1996JD261-266
Antarctic seaice data. Theseprincipal componentscoresare
shown in thecompositeRGB imageof Figure5 wherethe red
channelcontainsthe maximumvarianceprincipal component
score,greencontainsthesecondhighestvariance,andbluecon-
tainsthe third highest.Featuresfrom all 12 original datavalue
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imagesareevident in this figure. The training regionsarealso
indicatedandwill bediscussedlater.

Thecompositeimageis composedof a varietyof signatures
in the sea-iceannulusaroundAntarctica. For example,pixels
thatcontainknown icebergsarebrightorangein theimage.Re-
gionsof old perennialicearevisible in locationswherea resid-
ual amountof old ice have beenobserved in late winter, such
asnearto thenorth-easterntip of theAntarcticpeninsula[20],
[23]. Signatureswhichappearcloseto thatof perennialicemay
beobservedin othercoastalzones.In thesouthernWeddellSea,
apatchof deformedold iceandfasticemaybefoundsurround-
ing a numberof groundedicebergs[8], with a resultingpurple
color. Furthersuchregionsof deformedice may be found in
the AmundsenandEasternRossSeasalong the coast. Large
portionsof thecentralice packhave blueandgreenhues.Blue
regionsof undeformedmedium,snow-coveredfirst yearice are
foundin thecentralWeddellandRossSeas,while greenappears
morecloselyrelatedto theyoungerregionsof first-yearice. For
instance,recentlyformedice in theRossSea,just northof the
Rossice shelf, andrelatively thinner, salineyoungice formed
aroundEastAntarcticadisplaylargerareasof greenhues.One
factor that appearsto confirm the relationshipbetweenprinci-
pal componentthreeandyoungice is the appearanceof green
in known coastalpolynya regionssuchasalongthe Ronneice
shelf front in theSouthernWeddellSea[8], andin thewake of
the largedrifting icebergs,suchasthoseobservedoff theTerre
Adelie Landcoast,andthosegroundedoff theAmery ice shelf
[24].

Interestingmixturesof browns andcyansareobserved pre-
dominantlyat theouterice margin. Bright cyansignaturesap-
pearto be extensive regions of pancake ice formation, as for
instancein the region of maximumnorthernice extent in the
AmundsenSea.Brown huesaremoreextensively foundat the
icemargin, andlikely areassociatedwith mixturesof deformed
andwavefracturedfloesfoundin themarginalicezone,together
with mixturesof openwaterandicesignatures.

Althoughpreviousclassificationefforts have identifiedmany
of these primary cluster types [8], [25] in single channel
datasets,the uniqueattribute of the top threeprincipal com-
ponentsshown in Figure 5 is that they show mixturesof the
primary end-members.Purered may be thoughtof as the ice
with themosttypicalvolume-scatteringsignatures.Thisencom-
passesicebergs,old, thick snow-coveredperennialice,andfast
ice- all with low salinity. In contrast,puregreenappearsto indi-
catethemostdifferentclusterof ice typifying signatureswhich
have thegreatestrateof incidence-anglesignaturechange,and
theleastvolume-scatteringlikesignatures.Lastly, thepureblue
appearsto imply intermediateice salinity, andtheleastamount
of surfacedeformations.

PCA canbe usednot only to reducethe dimensionalityand
noiselevels of the data,but to quantitatively assessthe infor-
mationalcontentof multisensordata.By observingtherelative
magnitudesof theelementsof thefirst few eigenvectors,onecan
determinelevelsof informationalcontentof theoriginalparam-
eters.An exampleis givenin Figure6 in which thecoefficient
magnitudesof thetop threeeigenvectorsof thesampledataare
plotted. The first eigenvectorgivesvery low weightingto the
NSCAT B andSSM/I 85 GHz imageswhile high weightingis
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Fig. 6. Vectorelementmagnitudesfor thefirst threeeigenvectors.Eigenvector
1 spansthemostdatavariance,2 spansthesecondhighestvariance,and3
spansthethird highest.Theparameternumberscorrespondwith 1- NSCAT
Av, 2- NSCAT Ah, 3- NSCAT Bv, 4- NSCAT Bh, 5- ERS-2Av, 6- SSM/I
19V, 7- SSM/I 19H, 8- SSM/I 22V, 9- SSM/I 37V, 10- SSM/I 37H, 11-
SSM/I85V, and12-SSM/I85H.

given to the NSCAT A andSSM/I 19H and37H images.The
eigenvectorplot canalsobe usedto determinewhich parame-
terscanbeeliminatedfrom theclassification.For example,the
first two eigenvectorshave very low NSCAT Bv andBh values
indicatingthattheB datatypesdonotcontributeto themajority
of datavariance.Wenotealsothatthethirdprincipalcomponent
eigenvectorhasa muchhigherweight on Bh thanBv implying
thatoneof theB parameterscouldbeeliminatedwithout major
impacton theclassification.

IV. CLASSIFICATION ALGORITHM

Several techniquesare available for classificationof N-
dimensionaldatasets.A nearest-neighborapproachis perhaps
the simplestwhencentroidsfrom training samplesor electro-
magneticmodelscan be obtained. Iterative clusteringalgo-
rithmssuchask-meansor ISODATA representanothermethod-
ology and searchfor natural clustersin the data. The task
thenremainsto label the resultingclustersasdifferentclasses.
In contrast,the proposedapproachis a statisticalclassification
schemewith thegoalof maximizingtheprobabilityof correctly
classifyingseaice type. This sectionpresentstheclassification
methodologythrougha developmentof an iterative maximum
a posteriorialgorithm.

A. StatisticalClassification

The intrinsic value of statisticalmethodsof classification
stemsfrom theeaseof interpretationof results.Thatis, statisti-
cal classifiersattemptto maximizea probabilitymeasuregiven
somelevel of knowledgeof classdistributions. Two primary
brancheshaveevolvedin thefield of statisticalclassificationand
estimation:maximumlikelihoodandBayesianclassification.

Maximum likelihood (ML) methodsas applied to discrete
classificationproblemssuchasthedeterminationof seaicetype
choosethe solutionthat maximizesthe conditionalprobability
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of datavectorobservationoverall possibleseaice types,

CML � argmaxc p � �z�C � c
 (6)

whereCML is thechosenice class,
�
z is theprincipalcomponent

datavector, C is a discretevariableof different ice types,and
p � �z�C � c
 is the probability of observing

�
z given a particular

ice typeC � c. Hence,themaximumlikelihoodmethodcanbe
implementedaslongastheconditionaldistributionsareknown.
Unfortunately, this is rarelythecase.A weaknessof thismethod
lies in thefact that theoccurrenceof eachseaice typeis effec-
tively consideredto beequal.Consequently, classesthatoccur
infrequentlysuchasicebergsaregivenequalweightin thedata
segmentationandmaybechosentoooften.

Bayesianmethodsrepresentanotherclassof statisticalap-
proaches.This schemerequiresthe definition of a loss func-
tion which assignsa penaltyfor misclassifications.TheBayes
solutionthenminimizesthe expectedlosswhich is alsocalled
the Bayesrisk. Undera uniform loss function this reducesto
a maximuma posteriori(MAP) classifier. TheMAP technique
treatsthe ice typeC asa randomvariableandmaximizesthe
probabilityof ice typegiventheobservationvector

�
z

CMAP � argmaxc p � C � �z
�� argmaxc
p � �z�C 
 p � C 


p � �z
 (7)

wherep � C 
 is thea priori distribution. Sincep � �z
 is fixedfor a
particularobservation,this reducesto

CMAP � argmaxc p � �z�C 
 p � C 
 � (8)

MAP classificationhasanadvantageover maximumlikelihood
techniquesin that the probability of eachclassis includedin
thederivationensuringthat lesslikely ice typesappearlessfre-
quentlyin thefinal classification.However, thea priori distri-
butionandtheconditionaldistributionsarerequired.

Under a Gaussianassumption,the conditionaldistributions
are

p � �z�C 
�� 1
� 2π 
 n � 2 �Kc � 1� 2 e� 1

2 � �z� �µc  TK ! 1
c � �z� �µc  (9)

where
�
µc is themeanvectorandKc is thecovariancematrix of

ice type c, respectively. Hence,the statisticalstructureof the
datafor eachice classis completelydeterminedby the mean
vectorsandcovariancematrices.Evenif theGaussianassump-
tion is notentirelycorrect,it is consideredto beanimprovement
over thesimpleequalandisotropicdistribution assumptionin-
herentto a nearest-neighborclassifiersincetheGaussianmodel
canaccountfor covariancebetweenseparateprincipal compo-
nentscores.This allows the classifierto useclustershapesin
additionto thecentroidsto segmentthedata.For themaximum
likelihooddevelopment,themaximizationof Eq. (9)canbesim-
plified. After takingthenaturallog (a monotonicfunction)and
a little mathematicalmanipulationweobtain

CML � argmaxc p � �z�C

� argmaxc

� � � log �Kc �"
 � �z � �
µc 
 TK � 1

c � �z � �
µc 
�
#�

(10)

which is equivalentto

CML � argminc
�
log �Kc �"
 � �z � �

µc 
 TK � 1
c � �z � �

µc 
$� � (11)
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Fig. 7. Flowchartdepictingthe iterative ice classificationalgorithmfor both
ML andMAP methods.

Wenotethatthesecondtermin Eq. (11) is theMahalanobisdis-
tancecommonlyusedin Gaussianclassificationproblems[26].
Thus,the ML classificationcanbe interpretedaschoosingthe
classcentroidthatminimizesa modifiedMahalanobisdistance.

A similardevelopmentappliedto theMAP equationsyields

CMAP � argmaxc p � �z�C
 p � C

� argmaxc

� � 1
2
� log �Kc �"
 � �z � �

µc 
 TK � 1
c � �z � �

µc 
%


 log � p � C 
%
$� �

(12)

Both ML andMAP methodsareseparatelyusedandcompared
in theseaiceclassificationgivenbelow.

B. IterativeApproach

In orderto fully implementtheML andMAP techniques,the
meanvectors

�
µc andcovariancematricesKc of the individual

ice typeclustersarerequiredalongwith thea priori distribution
p � C 
 . While a roughestimateof the clustercentroidscan be
generatedfrom smallhomogeneoustrainingregions,it is more
difficult to obtainreasonableestimatesof theKc matrices.How-
ever, estimatescanbeobtainedthroughan iterative procedure,
assumingthat the statisticalmeasuresconverge to the correct
values.

Figure7 illustratesthecompleteprocessfor theclassification
of a time seriesof imagedata. The initial SIR-derived images
arefirst masked to remove all land andoceanpixelsusingthe
ice extentmappingproceduredefinedin anearliersection.The
PCA lineartransformationis thenperformedto rotatethecoor-
dinatespaceinto orderedmaximumvarianceaxes.Next, there-
sulting12-dimensionalprincipal componentspaceis truncated
by choosingthe top N eigenvectorsthat span90% of the data
variance.
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TABLE I

TRAINING REGION SIGNATURES USED IN THE INITIAL NEAREST-NEIGHBOR CLASSIFICATION FOR 1996 JD 261-266.

IB PER RFY SFY PNC MIZ
NSCAT Av -3.19 -5.72 -11.02 -17.35 -6.91 -12.29
NSCAT Ah -3.77 -5.79 -11.01 -17.34 -6.51 -13.65
NSCAT Bv -0.20 -0.14 -0.23 -0.25 -0.20 -0.22
NSCAT Bh -0.23 -0.14 -0.21 -0.24 -0.18 -0.32
ERS-2Av -4.46 -9.25 -14.80 -17.96 -11.19 -13.58
19V TB 224.6 235.7 249.2 256.6 233.4 191.4
19HTB 187.5 219.1 218.7 241.4 199.3 126.1
22V TB 225.5 233.2 247.5 254.2 232.4 199.2
37V TB 231.2 224.1 242.2 249.6 221.7 213.7
37HTB 204.0 209.6 218.3 237.2 199.0 160.3
85V TB 236.9 228.2 239.6 234.3 223.3 240.8
85HTB 219.5 218.2 224.3 224.2 214.2 206.2

After the preprocessing,an iterative maximumlikelihoodor
maximuma posterioriclassifieris implemented.Thefirst iter-
ation usesthe

�
µc, Kc, and p � C 
 statisticalmeasurescomputed

from theclassificationof thepreviousimageset.Thus,thepre-
cedingclassificationis treatedasa trainingsetto obtaininitial
seaicetypeclustercentroids,covariancematrices,andthea pri-
ori distribution. Dueto theseasonalnatureof clustercharacter-
istics, the approximatedvaluesarelikely erroneous.However,
they representa goodinitial startingpoint for the iterative pro-
cedure.After thefirst iteration,thestatisticalmeasuresareup-
datedusingthecurrentclassification.Thesearethenusedin a
new classification.Theprocessiteratesuntil predefinedconver-
gencecriteria aremet. The result is a classifiedimagewhich
mapsthespatialextentof eachseaice type.

OneimportantissueregardingtheMAP algorithmis thebe-
havior of the p � C
 estimateduringthe iterations.It is conceiv-
ablethat anelementof this distribution could go to zeroif the
correspondingice classbecomesvery scarce. If the ice type
later becomesmoreabundant,the zeroprobability from a pre-
viousiterationprecludesany pixelsfrom beingclassifiedasthis
ice type. While this phenomenonis not observedin any of the
realizationsin this study, theproblemcanbesolvedby setting
somevery low valueasa lower limit onvaluesof p � C 
 prevent-
ing any of themfrom becomingzero.

C. ConvergenceMetrics

Two metricsare usedto determinealgorithm convergence.
SincetheGaussianclustersarecompletelydefinedby thecen-
troid vectorsand covariancematrices,appropriatenormsare
usedto obtainscalarmeasuresof individual clusterbehavior as
a functionof iteration. TheEuclideannormis usedto measure
thebehavior of theclustercentroidvectors.Thematrixspectral
normof eachcovariancematrixKc is computedasameasureof
theoverallvariancestructureof eachcluster. Thespectralnorm
is equivalentto the squareroot of the maximumeigenvalueof
KT

c Kc. Convergenceof both metricsfor a particularclusteris
a goodindicationthat theclusterremainsunchangedfrom one
iterationto thenext.

D. AlgorithmInitialization

Thealgorithmdescribedaboveis arecursivemethodthatuses
the classificationresult from the previous imaging interval to
computethepresentseaice typemap.In orderto obtainanini-
tial classificationresultto starttheprocess,thefollowing proce-
dureis used.Clustercentroidvectorsareestimatedfrom small
homogeneoustrainingregionsderivedfrom a basicknowledge
of seaice typespatialbehavior andexpectedmicrowave signa-
tures. For the ML classifiera simple nearest-neighbor(mini-
mumdistance)classificationyieldstheneededinitial classifica-
tion result. For the MAP method,the datais segmentedwith
a weightednearest-neighbortechniquein which the distances
to eachclusterareinverselyweightedby an initial estimateof
p � C 
 . While anaccurateestimateof thea priori distribution is
difficult to produce,aneducatedestimatecanbemadethrough
aknowledgeof seaicetypepopulationin Antarctica.For exam-
ple,a largemajorityof theAntarcticicepackconsistsof various
typesof first-yearice. Other classesaremuch lessprevalent.
For eitherML or MAP, thenearest-neighborsolutionis usedto
computethenecessarystatisticsfor theclassifierandinitiate the
iterativealgorithm.

Simulationsof thealgorithmfor boththeML andMAP tech-
niquesare performed. The simulation data consistsof four
differenttwo-dimensionalGaussiandistributionswith different
meanvectors,covariancematrices,andcardinalities.The dis-
tributionsarechosento have significantoverlapto increasethe
classificationdifficulty. Simulationresultsindicatethattheiter-
ative algorithmsconvergeto solutionsthatarevery closeto the
actualML or MAP solutionsgiven two conditions. First, the
individualclustercentroidsmustberelatively closeto theactual
centroids.In thesimulations,this meansthat thecentroidesti-
matemerelyhasto be closerto its actualcentroidthanany of
theothers.Second,for MAP classification,the initial distribu-
tion estimateof p � C
 mustbeareasonableestimateof theactual
a priori distribution.

V. RESULTS

The iterative algorithmsare appliedto the classificationof
Antarctic dataduring consecutive imagingperiodsin Septem-
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Fig. 8. Maximumlikelihoodclassificationclusterconvergencemetrics. (Top)
TheEuclideannormsof eachicetypeclusterasafunctionof iteration.(Bot-
tom)Thespectralnormsof thecovariancematrices.

ber and October of 1996. The algorithm is initiated with
multisensordata from JD 261-266. As noted in the previ-
oussection,the nearest-neighborsegmentationis requiredfor
the first image of the time series. As indicated in Figure
5, small homogeneoustraining regions are definedthrougha
knowledgeof seaice dynamicsandmicrowave signatures.Ta-
ble I containsthe cluster centroidsobtainedfrom thesere-
gions. In addition to the centroids,the MAP algorithm re-
quires an initial estimateof the a priori distribution. For
the 1996 JD 261-266 image classificationwe use p � C 
&��
p � IB
'� p � PER
'� p � RFY 
(� p � SFY 
'� p � PNC
'� p � MIZ 
$�)��
0 � 01� 0 � 02� 0 � 40� 0 � 45� 0 � 07� 0 � 05� .

Figures8-9show theconvergencemetricsasa functionof it-
erationfor theML andMAP classifications,respectively. After
about25 iterations,all metricshave convergedrelatively well.
Someminimalcentroiddrift is still evidentin thecentroidnorm
trends.Most of theML centroidnormsshift significantly(and
erroneously)duringtheiterations.On theotherhand,only two
of the MAP centroidnormsmove significantly indicating that
the original centroidsarereasonableestimatesof the true val-
ues. Figure10 illustratesthecentroiddrifts in theplaneof the
top two principalcomponentsfor theMAP implementationus-
ing datafor 1996JD 261-266.Thestartingpointsfor eachcen-
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Fig. 9. Maximuma posterioriclassificationclusterconvergencemetrics.(Top)
TheEuclideannormsof eachicetypeclusterasafunctionof iteration.(Bot-
tom)Thespectralnormsof thecovariancematrices.

troid are denotedwith triangleswhile the final centroidloca-
tions arerepresentedby squares.Theeffect of the algorithm’s
iterative natureis evident as eachof the points move varying
amounts.Isoprobabilityelliptical contourshave alsobeenplot-
tedsurroundingeachcentroidconvergencepointusingthesam-
ple covariancematricesfrom thefinal classification.Themajor
andminor axesfor eachellipseare2-σ wide. This figure not
only shows iterative migrationof centroids,but givesa feel for
how muchseparationexistsbetweendifferentice classesin the
planeof the top two principal components.Table II contains
thefinal MAP clustercentroidsin thenormalparameterspace.
TableII canbecomparedwith TableI for anindicationof how
muchthe initial trainingsignaturesweremodifiedby thealgo-
rithm.

Figure 11 depictsthe final ML and MAP seaice type im-
ages. Sincethe ML imagehaslarge regionsclassifiedas ice-
bergsandperennialice,weconcludethattheML algorithmper-
formspoorly. Theprimarysourceof theerroris theML assump-
tion thatall seaice typesareequallylikely. Thiscausesclusters
thatshouldhavelow cardinalityto grow to sizessimilar to more
commonicetypes.Thiseffect is responsiblefor theundesirable
centroiddrift discussedabove.

In contrast,theMAP resultexhibits a muchmorereasonable
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TABLE II

ICE TYPE CENTROID SIGNATURES AFTER 25 I TERATIONS OF THE MAP ALGORITHM FOR 1996 JD 261-266.

IB PER RFY SFY PNC MIZ
NSCAT Av -5.35 -6.63 -11.66 -15.17 -7.85 -11.66
NSCAT Ah -5.85 -6.67 -11.77 -15.27 -7.41 -12.39
NSCAT Bv -0.201 -0.154 -0.224 -0.229 -0.183 -0.257
NSCAT Bh -0.218 -0.152 -0.221 -0.225 -0.164 -0.286
ERS-2Av -6.69 -9.47 -13.77 -16.72 -12.18 -12.99
19V TB 230.3 239.6 246.9 256.2 232.0 213.8
19HTB 195.8 219.6 217.5 235.8 196.5 160.8
22V TB 230.6 237.9 245.9 253.9 229.1 219.2
37V TB 234.1 231.2 241.5 248.3 215.4 226.6
37HTB 208.2 214.4 219.0 230.8 192.6 184.6
85V TB 238.4 229.0 236.8 234.5 211.5 243.3
85HTB 220.5 217.3 223.4 222.3 200.7 215.8

-4 -2 0
*

2 4 6
+

8
PC #1

-4

-2

0
*

2
,

4

PC
 #

2

I
-
B

P
.

ER

R
/

FY

S
0

FY

P
.

NC

M
1

IZ

Fig. 10. Centroidlocationsin theplaneof thetoptwo principalcomponentsfor
theMAP classificationof 1996JD 261-266data.Theinitial centroids(tri-
angles)aswell asthefinal convergedcentroidpoints(squares)areshown.
Also plottedaretheisoprobabilitycontoursaccordingto thesamplecovari-
ancematricesobtainedfrom the final classification.The ellipsesare2-σ
wide.

spatialdistribution. Several icebergsknown from the National
Ice Centericeberg inventoryareclassifiedcorrectly(seeURL
www.natice.noaa.gov). The largestconcentrationof perennial
ice is found just off the tip of theAntarcticPeninsula.The ice
herehassurvived the previous melt seasonby avoiding being
sweptoutto seaby theWeddellGyre.Roughfirst-yearicein the
classificationsurroundssmoothfirst-yearice which is located
primarily in theinnerportionof theice pack.This is consistent
with the classificationresultsin [8]. In addition,the marginal
icezoneexistson theperimeterof theicepackasexpected.

In orderto gainanunderstandingof possiblecross-confusion
thatmayoccurbetweenclassesusingthis algorithm,theMaha-
lanobisdistanceis computedbetweenthefinal clustercentroids
in principalcomponentspace.SincetheMahalanobisdistance
requiresa clustercovariancematrix and eachcentroidcomes
from a differentcluster, one of the centroidsis treatedas the
referenceandtheotheris consideredthetestvector. In thecom-

TABLE III

MAHALANOBIS DISTANCES BETWEEN CENTROIDS FOR 1996 JD 261-266

PROVIDING A MEASURE OF DISSIMILARITY BETWEEN DIFFERENT

CLUSTERS IN THE CLASSIFICATION. THE COVARIANCE MATRIX OF THE

REFERENCE CENTROID IS USED IN EACH COMPUTATION.

TestCentroid
IB PER RFY SFY PNC MIZ

R
ef

.C
en

tr
oi

d IB 0.0 24.5 25.0 59.1 70.8 111.0
PER 15.5 0.0 79.1 138.3 46.3 350.2
RFY 27.0 17.6 0.0 8.0 11.5 21.5
SFY 119.2 67.0 17.0 0.0 87.9 180.3
PNC 23.0 12.9 37.9 120.5 0.0 56.6
MIZ 23.3 16.5 12.6 44.6 11.6 0.0

putation,thecovariancematrix of the referencevectoris used.
Theresultsaregivenin TableIII for the1996JD 261-266clas-
sification. The tablecontentsmay be interpretedby observing
individualcolumnscorrespondingtoatesticetypecluster. Each
row valuewithin aparticularcolumnis ameasureof dissimilar-
ity betweenthe referenceandtestvectors. Thus,lower values
correspondwith higherprobabilitythatanice typewill bemis-
classifiedasthe referencetype. For example,thePERcolumn
impliesthatperennialiceis muchmorelikely tobemisclassified
aspancake ice thansmoothfirst-yearice.

As previously stated,the MAP algorithmrequiresan initial
estimateof thea priori distribution p � C 
 . Thetechniqueis de-
signedto usethe p � C 
 resultingfrom the classificationof the
previousimageset.However, thefirst classificationin theseries
requirestheuserto provide anapproximatep � C 
 for initializa-
tion. In an effort to determinethe sensitivity of the final ice
classificationto the this parameter, a Monte Carlo analysisis
performed.Severalrandomrealizationswithin a neighborhood
of a nominalp � C 
 areusedin the1996JD 261-266imageseg-
mentation.Thestudyshowed that thefinal spatialdistribution
of ice typesis not particularlysensitive to theoriginal a priori
distribution.

Figure 12 shows classificationimagesgeneratedusing two
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Fig. 11. ML (left) andMAP (right) seaice classificationsof 1996JD 261–266Antarcticdata.TheML resultis in errorbecauseof theassumptionthateachice
typeis equallylikely.

IB

PER

RFY
4SFY

PNC

MIZ
5

IB

PER

RFY
4SFY

PNC

MIZ
5

Fig. 12. K-meansclusteringclassificationresultsof 1996JD 261–266Antarcticdatausingdifferentdistancemetrics.Theleft imageis theconventionalk-means
resultwith theEuclideandistancemetric.Theright is k-meanswith the“MAP distance”metricasdefinedin thetext.
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Fig. 13. MAP iceclassificationof theimageserieswith dayranges1996JD 261–266,270–275,and279–284.

othermethodsfor comparison.Both were implementedusing
thesametrainingdatafor initial clustercentroids.Theleft im-
ageis theclassificationresultof thestandardk-meansclustering
algorithm. The k-meansapproachyields a solutionthat mini-
mizesthewithin clustersumof squareddistancesundertheEu-
clideandistancemetric. Sinceno regardis given to theproba-
bility of ice type,thek-meansresulthasproblemssimilar to the
ML image. Thesecondimagewasgeneratedusinga modified
form of k-meansin which a “MAP distancemetric” measured

thesimilaritybetweendatasamplesandthecentroids.TheMAP
distancemetric is the negative of the argmaxargumentin Eq.
(12). Theresultingice typemapis nearlyidenticalto theMAP
classification. In fact, the two agreefor 96.5%of the image
seaice pixels. The differencesprimarily occur in the number
of pixelsclassifiedaspancake ice. Consequently, themodified
k-meansclassifierresultis similar to themaximuma posteriori
techniqueresult.

An obvious error in the MAP classificationin Figure11 is



IEEETRANSACTIONSON GEOSCIENCEAND REMOTE SENSING,VOL. XX, NO. Y, MONTH 2000 112

theRFY labeledtongueextendingfrom theRossIceShelf.The
perimeterof theice shelf is actuallya regionof new ice forma-
tion anddivergence.Consequently, theice in thisregimeshould
have beenidentifiedasSFY. The sourceof the discrepancy is
likely due to frost flower formation on the surfaceof smooth
ice. DrinkwaterandCrocker [27] foundthatfrostflower forma-
tion canyield microwavesignaturesthataresimilar to RFY ice.
Theproposedclassifierdid not includea separateclassification
clusterfor this ice type. A usefulline of futureresearchwould
includea studyof thepotentialof segmentingfrost flower cov-
eredice from RFY ice usingthe resultsof Wensnahan[7] and
Ulander[28].

Figure13shows thealgorithmresultswhenappliedto a time
seriesof images.Theoriginal imagesaregeneratedwith three
daysof overlapbetweenconsecutive intervals. The threeday
spacedclassificationmapsillustratestability in the ice classes
betweencontiguousimages. Sincegeophysicalvariability is
greateron longertime-scales,weshow resultsfrom imagessep-
aratedby threeday gaps. The ice mapsin Figure13 reveal a
numberof interestingfeatures.First,thetemporalcontinuitybe-
tweenthespatialdistributionsof classessuchasRFY andSFY
ice typesindicatesthat thealgorithmis stable.However, some
misclassificationdoesoccursuchasthe region of MY ice that
appearsin the outer ice margin of the Weddell Seain the JD
270–275image.In this case,pixelsareexchangedbetweenthe
RFY andMY categories.

Classifiedimagerycanbe usedto betterunderstandcertain
geophysicalprocesses.For example,the tongueof “RFY” ice
extendingfromtheRossIceShelfexhibitssomeinterestingtem-
poralbehavior. As discussedpreviously, this regionis likely not
RFY ice, but SFY ice coveredwith frost flowersformedasoff
ice-shelfwindsdrive theice packnorthwards.Hence,temporal
changesin thedirectionof thetonguerelateto changesin wind
directionover the ice packthroughdynamicadjustmentsto the
icedrift direction.

Anotherregionof interestis in theouterWeddellSeawherea
largeregion classifiedaspancake ice appearsin the last frame.
Initially, this featureappearsto beanerror in theclassification.
However, examinationof the original dataset imagesreveals
that this classificationrelatesto anactualphysicalevent. From
thefirst imagein Figure13 to thelast,thescatterometerσo val-
uesincreaseseveraldB andtheradiometerTB valuesdropsig-
nificantly. For example,the averageNSCAT Av value in the
arearisesfrom -11.2 to -7.4 dB. The SSM/I 37V TB average
decreasesfrom 236 to 210 K. The final signaturesare typical
of pancake ice. A possiblecausefor this event is the occur-
renceof storminducedswellspenetratingtheicemargin. Under
suchconditions,intenseicefloefracturingandwave-washingof
floesareobservedin thefield. Subsequentreturnof thesigna-
turesto valuesmoretypicalof themarginal icezone,andrough
first-yearice confirm that this is an event of transitorynature.
If this is indeedthe case,it may be possibleto relatepancake
ice “blooms” in ice margin signaturesto increasedwave radia-
tion stresses,or to surfacefloodingeventscausedby increased
swells.Furtheranalysisof this phenomenoncouldcomparethe
occurrenceof suchsignatureswith thesignificantwave heights
observedby altimetersin theregion of theSouthernOceandi-
rectly off the ice margin at thosetimes. Similarly, theseevents

maybeclassifiedas“flooding” in futureextensionsof thealgo-
rithm.

VI . CONCLUSION

Thisstudyhasdemonstratedtheutility of a multisensor, iter-
ativemaximuma posterioriseaicetypeclassificationalgorithm
for Antarcticseaice. Theuseof datacollectedfrom multispec-
tral, dual-polarization,active,andpassive instrumentsincreases
thelevel of informationthatcanbeexploitedin segmentingthe
data.Throughtheuseof principalcomponentanalysis,notonly
is thedatadimensionalityminimized,but theeffectsof noiseand
imagingartifactsarereduced.Theresultingdatasetis classified
in an iterative mannerthat utilizes MAP statisticaltechniques.
The MAP classifierperformsbetterthanML andthe standard
k-meansand is very similar to a modifiedversionof k-means
with a differentdistancemetric.

The iterative classificationalgorithm yields ice mapswith
spatialice type distributionsthat are reasonablewhengeneral
Antarcticseaice dynamicsareconsidered.However, while the
algorithmappearsto function well, a moredetailedvalidation
studyis needed.Unfortunately, Antarcticvalidationdatais dif-
ficult to obtain during this period of sensoroverlap. Though
SARdataexistsfor continentalAntarctica,seaiceSARimagery
duringtheperiodspannedby ourmultisensordatasetis scarce.
Futureresearchwill apply the algorithmto Arctic datawhere
validationdatais muchmoreabundantbothspatiallyandtem-
porally, andwherecurrentefforts areunderway to plot ice drift
anddynamicsona Lagrangiangrid.

Several implicationsmustbe consideredin a medium-scale
classificationsuchasthemethodpresentedin this study. First,
the six day imagingperiodmay introduceblurring in the im-
agesdue to sea-icemotion resultingin ambiguoussignatures
andmisclassification.The limiting factorsfor this datasetare
thescatterometerswhich needmoretime to achieve full cover-
ageof theAntarctic ice pack. In the future,similar algorithms
maybeappliedusinginstrumentswith widerswathssuchasthe
SeaWinds scatterometeron boardthe QuikSCAT andADEOS
II spacecrafts.Furthermore,AMSR in conjunctionwith Sea-
WindsaboardADEOSII will provide temporallyandspatially
coregisteredactive andpassive data.This providesmany of the
channelsrequiredfor sucha methodto be applied in the fu-
ture.BothSeaWindsmissionswill reachfull coveragein oneto
two daysratherthansix days.SeaWindson QuikSCAT is cur-
rently in flight while ADEOSII is scheduledfor launchbefore
theendof 2001.Also, therelatively low resolution,evenin the
reconstructedimagery, implies that somepixelsmaycontaina
mixtureof icetypes.Thus,theclassificationresultfor aparticu-
lar pixel is consideredthespatialandtemporalaveragebehavior
of seaice in thatregion. A promisingline of futureresearchis
theextensionof this algorithmfrom a hardto a fuzzy classifier.
Thatis, for eachpixel theconcentrationof eachice typemaybe
estimated.It is conceivablethattheMAP probabilitiescouldbe
usedto achievethis. However, agreaterunderstandingof theef-
fectsof within-footprintmixturesonobservedmicrowavesigna-
turesis first required.Nevertheless,thealgorithmyieldsresults
consistentwith historicicedistributionsandexpectations.

This studyhasdemonstratedonemethodfor theapplication
of multisensordatasetsto classificationproblems.The useof
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multiplesensorsappearsto improvetheability to identify differ-
ent classesby combiningthe inherentstrengthsof eachinstru-
ment. The threesensorsusedeachadduniqueinformationto
assistin segmentingtheimagesinto separateicetypes.Thescat-
terometers,NSCAT andERS-2,aresensitive to surfacerough-
ness,volumeinhomogeneities,andotherscatteringmechanisms
which vary acrossdifferentice types. In addition,theseinstru-
mentscollect measurementsat multiple incidenceangles. In-
cidenceangledependencevariesover the spectrumof seaice
typesjustifying thevalueof this parameter. NSCAT in particu-
lar is valuablein thatit collectsdualpolarizationmeasurements
over a wider swath at higherresolution. The primary strength
of the C-BandERS-2lies in greaterpenetrationdepthdue to
its lower frequency of operation.Unfortunately, both of these
sensorsrequireseveral daysof datato obtaincompletecover-
ageof theAntarctic. SSM/I alsocontributesa greatdealto the
classification.As apassive instrument,theSSM/Iseaicesigna-
turesarea morea functionof surfaceemissivity anddielectric
propertiesthantheir active counterparts.Thewide spectrumof
frequenciesanddualpolarizationnatureof theSSM/I channels
offerssensitivity to a largerrangeof surfacepropertiesthansin-
glefrequency/polarizationinstruments.Additionally, theSSM/I
measurementcollectiongeometryallows completecoverageof
the Antarctic usually in one day thoughat a lower resolution
thanNSCAT.
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